Abstract: Demand Side Management in power systems plays an important role in ensuring a reliable power supply and protecting the environment. Demand Side Management in the commercial sector is vital for sustainable development during China's industrial restructuring. A hybrid multi-criteria decision making framework for evaluating Demand Side Management performance of commercial enterprises is proposed from a sustainability perspective. A fuzzy Analytic Hierarchy Process is employed to determine the weights of the criteria and a fuzzy technique for order preference by similarity to an ideal solution is applied to rank Demand Side Management performance. An evaluation index system is built, containing economic, social, environmental and technical criteria associated with 15 sub-criteria. Four groups of expert panels from government departments, research institutions, electricity utilities and commercial enterprises gave judgments on criteria weights and criteria performances for alternatives. The effectiveness of the proposed hybrid framework was demonstrated through a case study in Beijing, in which Demand Side Management performances of four alternatives were ranked. Sensitivity analysis results indicate that the hybrid framework is robust.
Introduction
As the largest energy consumer and CO 2 emitter in the world, China suffers from an increasing plague of pollutant emissions, smog and water quality degradation [1, 2] . Considering the imbalanced economic and social development nationwide, insufficient power supplies still exist in some regions including North China, the Yangtze River Delta and the Pearl River Delta during summers [3] . Demand Side Management (DSM) is conducted to improve the terminal users' power consumption pattern, optimize power resources distribution and promote equipment utilization. Through DSM we can balance electrical power load, overcome electrical shortage, improve terminal energy efficiency, promote clean energy power absorption, reduce greenhouse gas emissions and improve sustainable development of the electric power industry [4, 5] . DSM is an important mission to meet the target of an electricity market reform in 2015 [6] .
Following China's industrial structure adjustment policy, the commercial sector, generally referring to the service industry or the tertiary industry, has developed rapidly. The commercial sector has become an important driving force to promote the Gross Domestic Product (GDP) and electricity consumption [7] . Economic contribution and electricity consumption of the commercial sector in some developed areas have surpassed than that of the industrial sector [8] . Thus, it is crucial to encourage commercial enterprises to participate in DSM. Service activities, lighting, cooling, heating and office equipment related to different enterprises mainly contribute to the energy consumption [9] . The main contributions of this paper are: (1) To the best of our knowledge, this is the first study on DSM performance in the commercial sector. We provided a detailed and complete evaluation list of economic, social, environmental and technical criteria to evaluate the DSM effects. (2) The fuzzy AHP and the fuzzy TOPSIS methods have been employed in many research fields [28] [29] [30] [31] [32] and have good effects in decision-making procedures of alternatives evaluation.
As we know, this is a hybrid MCDM model based on combining the fuzzy AHP weight method with the fuzzy TOPSIS approach. We have introduced the model into DSM performance evaluation and extended the application fields of these methods. (3) Since experts with diverse professional backgrounds may give different decisions, it is necessary to probe the influences of sub-criteria weights on final decision-making. We gave a novel sensitivity analysis to research the performance of economic, social, environmental and technological criteria for DSM performance evaluation by modifying the sub-criteria weights.
Methods

Fuzzy Set Theory and Fuzzy Numbers
Fuzzy set theory, introduced by Zadeh [33] , can be employed to deal with the imprecision and vagueness under an uncertain environment [34] . A fuzzy set, as a class of objects, is characterized by a membership function with a continuum of grades. Each object is assigned a grade of membership among (0, 1). If the membership value is one, the object belongs to the set completely. If the value is zero, the object does not belong to the set. If the value is between zero and one, the object belongs partially to the set. Fuzzy set theory can be employed to map qualitative information from human decisions to quantitative data. Linguistic ratings such as "poor", "fair" and "good" are represented as numerical intervals.
Fuzzy numbers can be used to transform the qualitative judgments into quantitative data. Some mathematical operators and measurement methods are introduced in a vague decision domain. A triangular fuzzy number (TFN) is the most common type in applications due to their operational simplicity. A TFN is designated as a triplet a = (a L , a M , a R ), where a L , a M and a R represent the smallest value, the middle value and the largest value for the evaluation objects [35] . These values are all real numbers. A TFN is shown in Figure 1 . Let x represent the value in real number field, the membership function µ(x) can be: (1) To the best of our knowledge, this is the first study on DSM performance in the commercial sector. We provided a detailed and complete evaluation list of economic, social, environmental and technical criteria to evaluate the DSM effects. (2) The fuzzy AHP and the fuzzy TOPSIS methods have been employed in many research fields [28] [29] [30] [31] [32] and have good effects in decision-making procedures of alternatives evaluation. As we know, this is a hybrid MCDM model based on combining the fuzzy AHP weight method with the fuzzy TOPSIS approach. We have introduced the model into DSM performance evaluation and extended the application fields of these methods. (3) Since experts with diverse professional backgrounds may give different decisions, it is necessary to probe the influences of sub-criteria weights on final decision-making. We gave a novel sensitivity analysis to research the performance of economic, social, environmental and technological criteria for DSM performance evaluation by modifying the sub-criteria weights.
Methods
Fuzzy Set Theory and Fuzzy Numbers
Fuzzy numbers can be used to transform the qualitative judgments into quantitative data. Some mathematical operators and measurement methods are introduced in a vague decision domain. A triangular fuzzy number (TFN) is the most common type in applications due to their operational simplicity. A TFN is designated as a triplet and R a represent the smallest value, the middle value and the largest value for the evaluation objects [35] . These values are all real numbers. A TFN is shown in Figure 1 . Let x represent the value in real number field, the membership function
can be: Figure 1 . A triangular fuzzy number.
In order to obtain clear information, some defuzzification methods should be applied to transfer fuzzy numbers to crisp values with element characteristics in fuzzy sets. The graded mean integration representation (GMIR) method is employed to transfer TFNs into crisp numbers in order to avoid vagueness [36, 37] . The graded mean integration representation value ( ) T a  of a  is: In order to obtain clear information, some defuzzification methods should be applied to transfer fuzzy numbers to crisp values with element characteristics in fuzzy sets. The graded mean integration representation (GMIR) method is employed to transfer TFNs into crisp numbers in order to avoid vagueness [36, 37] . The graded mean integration representation value T( a) of a is:
Fuzzy AHP Weighting Method
Due to fuzzy pairwise comparisons of criteria from decision makers, fuzzy AHP was applied to obtain the weights suitably [38] . Procedures of the criteria weights determination using the fuzzy AHP method are:
Step 1: Establish a hierarchy structure model. Due to complex determination of an evaluation index system resulting from various criteria, mass data and decision-making information, a hierarchy structure of the evaluation criteria should be formed according to characteristics of a MCDM issue [39] . The hierarchy structure consists of a goal layer, the main criteria layer and the sub-criteria layer, as shown in Figure 2 .
Step 1: Establish a hierarchy structure model. Due to complex determination of an evaluation index system resulting from various criteria, mass data and decision-making information, a hierarchy structure of the evaluation criteria should be formed according to characteristics of a MCDM issue [39] . The hierarchy structure consists of a goal layer, the main criteria layer and the sub-criteria layer, as shown in Step 2: Obtain pairwise comparisons from expert groups and assemble individual fuzzy comparison matrices for the main criteria layer and the sub-criteria layer, respectively. We can clear the relative importance of the criteria according to these matrices. First, a questionnaire should be designed and distributed to all of the expert groups for obtaining the pairwise comparative judgments of each layer. These judgments are expressed as linguistic variables with TFNs used by Chang [31] , as shown in Table 1 and Figure 3 . Rankings for the criteria importance given by the expert groups are depicted in Figure 3 . Second, these individual fuzzy comparison matrices are formed at all levels. Let Step 2: Obtain pairwise comparisons from expert groups and assemble individual fuzzy comparison matrices for the main criteria layer and the sub-criteria layer, respectively. We can clear the relative importance of the criteria according to these matrices. First, a questionnaire should be designed and distributed to all of the expert groups for obtaining the pairwise comparative judgments of each layer. These judgments are expressed as linguistic variables with TFNs used by Chang [31] , as shown in Table 1 and Figure 3 . Rankings for the criteria importance given by the expert groups are depicted in Figure 3 . Second, these individual fuzzy comparison matrices are formed at all levels. Let a k ij represent the TFN corresponding to the pairwise comparative judgments of criterion i to j (i, j = 1, · · · , n) from expert group k. In order to assemble individual fuzzy comparison matrices, some rules should be listed: If i > j, a k ij corresponds to the TFNs in Table 1 . If i < j, a k ij is the reciprocal TFNs due to the symmetry on the individual fuzzy comparison matrix. If i = j, a k ij is (1, 1, 1). The individual fuzzy comparison matrix W k of expert group k is: It is important to test the consistency of the fuzzy comparison matrices. The TFNs in these matrices should be transformed into ( ) T a  using Equation (2) at first. If the largest eigenvalue λmax of each matrix is the criteria number n, it is consistent according to Saaty [40] . Consistency index (CI) can be used to measure the deviation of the individual fuzzy comparison matrix away from the consistency and is:
The accuracy of the CI will be reduced if the criteria number increases. For overcoming the shortcoming, random index (RI) and consistency ratio (CR) ware introduced to directly verify the consistency of the fuzzy comparison matrices [41] . The RI values are only related with the order of fuzzy comparison matrix and can be obtained applying the software of MATLAB: first, 1000 n-order reciprocal matrices were formed randomly using 2/7, 1/3, 2/5, 1/2, 2/3, 1, 3/2, 2, 5/2, 3, and 7/2; then, average k of their eigenvalues was calculated and the RI value for n-order reciprocal matrices is:
The RI values for different orders can be computed through repeating the above processes and are listed in It is important to test the consistency of the fuzzy comparison matrices. The TFNs in these matrices should be transformed into T( a) using Equation (2) at first. If the largest eigenvalue λ max of each matrix is the criteria number n, it is consistent according to Saaty [40] . Consistency index (CI) can be used to measure the deviation of the individual fuzzy comparison matrix away from the consistency and is:
The RI values for different orders can be computed through repeating the above processes and are listed in Experiential threshold 0.2 is commonly regarded as the upper limit for CR of a fuzzy comparison matric [41] . If the CR value is less than 0.2, this matric is consistent approximately. Step 3: Form the aggregated fuzzy comparison matrices by the geometric mean method in order to obtain comprehensive importance for the criteria. Let a I Jk = (a L I Jk , a M I Jk , a R I Jk ) be criterion I over J given by expert decision group k in the main criteria layer, a ijk = (a L ijk , a M ijk , a R ijk ) be criterion i over j given by expert decision group k in the sub-criteria layer k = 1, · · · , V, I, J = 1, · · · , m and i, j = 1, · · · , n. The aggregated TFN a I J = (a L I J , a M I J , a R I J ) of I over J in the main criteria layer is:
and the aggregated TFN a ij = (a L ij , a M ij , a R ij ) of i over j in the sub-criteria layer is:
The aggregated fuzzy comparison matrices of the main criteria layer (W main ) and the sub-criteria layer (W sub ) are:
Step 
where
Step 5: Transform the fuzzy synthetic extent values of the criteria to graded mean integration representation values by using Equation (2) in order to avoid the synthetic extent fuzziness. For main criterion I, the synthetic extent T main I is: For sub-criterion i, the synthetic extent T sub i is:
Step 6: Calculate the main criterion weight w main I and the sub-criterion local weight w sub i according to the hierarchy structure:
Step 7: Calculate the global weights of sub-criteria. Let w SG i be the global weight of sub-criterion i, and w sub i be the main criterion weight located in the parent node of the main criteria layer. The global weight w SG i of sub-criterion i is:
Fuzzy TOPSIS Method
For uncertainty and imprecision of subjective judgments, the preference of alternatives were rated using linguistic ratings with respect to subjective criteria. Linguistic variables developed by Chen [33] were used to rate the subjective criteria performance, as listed in Table 3 and depicted in Figure 4 . For objective criteria, the values of alternatives are expressed in TFNs. Table 3 . Linguistic variables for evaluating the ratings of subjective criteria.
Linguistic Terms FTNs
Very Poor (VP)
For sub-criterion i, the synthetic extent i T is:
Step 6: Calculate the main criterion weight main I w and the sub-criterion local weight sub i w according to the hierarchy structure:
Step 7: Calculate the global weights of sub-criteria. Let 
Fuzzy TOPSIS Method
For uncertainty and imprecision of subjective judgments, the preference of alternatives were rated using linguistic ratings with respect to subjective criteria. Linguistic variables developed by
Chen [33] were used to rate the subjective criteria performance, as listed in Table 3 and depicted in Figure 4 . For objective criteria, the values of alternatives are expressed in TFNs. Table 3 . Linguistic variables for evaluating the ratings of subjective criteria. The fuzzy TOPSIS approach comprises:
Linguistic Terms FTNs
Step 1: Aggregate the linguistic ratings of alternatives given by V expert groups to obtain comprehensive fuzzy ratings. Suppose that there are n alternatives O = {O 1 , O 2 , · · · , O n } to be prioritized, m criteria performance are determined by linguistic variables. Let x k ir = (x kL ir , x kM ir , x kR ir ) be the fuzzy rating for criterion i of alternative r given by expert group k according to 
for criterion i of alternative r is:
Step 2: Establish the initial fuzzy decision matrix D for alternatives according to actual objective data and fuzzy subjective ratings, as expressed in:
Step 3: Normalize an initial fuzzy decision matrix using the linear scaling transformation. Different indicators may hold different features generally. Some indicators hold the benefit-type feature, namely the higher the better. While others hold the cost-type feature, namely the lower the better. The normalization processes for all indicators are needed to avoid dimensional differences and ensure mathematical compatibility. Let y ir be the normalized TFN of criterion i for alternative r, donated by (y L ir , y M ir , y R ir ). For a benefit-type indicator, the normalization processing is:
) and u
For a cost-type indicator, the normalization processing is:
And the normalized fuzzy decision matrix D can be:
Step 4: Build a weighted normalized fuzzy decision matrix Z to contain the importance of the criteria. It can be obtained by multiplying the global sub-criterion weight w SG i by y ir of the normalized fuzzy decision matrix D,
The global weights for all sub-criteria can be obtained using the fuzzy AHP method. Step 5: Define the fuzzy positive ideal solution Z + and the fuzzy negative ideal solution Z − . Let T 1 represent the benefit-type indicator set, T 2 represent the cost-type indicator set, z 
where max 
According to Chen [32] , the performance of the best alternative r is father from Z − and closer to Z + than others. Some approaches have been used to compute the distance between two TFNs. The L2-metric distance approach is employed for easy implementation [42] . The distance d z i , z j between z i and z j is:
1/2 (27) Thus, the distances d + r and d − r of each alternative from z + i and z − i are:
Step 7: Compute the closeness coefficient value (CC r ) of each alternative:
The closeness coefficient emphasizes the distances close to the fuzzy positive solution Z + and away from the fuzzy negative ideal solution Z − , which is denoted by the scope of (0, 1). Alternatives can be ranked according to the closeness coefficient values. The alternative with closest to Z + and farthest to Z − should be selected as the best one.
The Framework of Proposed Hybrid Fuzzy AHP-TOPSIS Model
The proposed fuzzy AHP-TOPSIS model to evaluate the DSM performance involves the following three phases, as shown in Figure 5 .
closest to Z + and farthest to Z − should be selected as the best one.
The proposed fuzzy AHP-TOPSIS model to evaluate the DSM performance involves the following three phases, as shown in Figure 5 . Allocate the linguistic ratings of all criteria and establish the initial fuzzy decision matrixes
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Calculate the sub-criteria global weights
According to Equation (17) Figure 5 . Fuzzy-AHP-TOPSIS based MCDM framework for DSM performance evaluation.
Phase 1: Identify evaluation criteria and construct an index system. An appropriate expert decision group was established to evaluate the criteria performance. According to experts' recommendations and enterprises characteristics, an appropriate evaluation index system was constructed from a sustainability perspective.
Phase 2: Determine the weights of the evaluation criteria based on the fuzzy AHP approach. A hierarchy structure for the evaluation index system was conducted and the fuzzy AHP method was employed to determine the sub-criteria weights. First, executives, managers and experts affiliated to the expert groups estimated the relative pairwise comparisons by using linguistic ratings with the TFNs (as listed in Table 1 ) and a fuzzy pairwise comparison matrix of each expert was formed. The consistency of the matrix was checked to ensure the reliability of the criteria weights. Second, a fuzzy comparison matrix was aggregated according to Equations (6)- (9) . Then, fuzzy synthetic extent of each criterion was integrated by using Equations (10)- (13) . Final, the main criteria weights and the sub-criteria global weights were calculated according to Equations (14)- (16). Phase 1: Identify evaluation criteria and construct an index system. An appropriate expert decision group was established to evaluate the criteria performance. According to experts' recommendations and enterprises characteristics, an appropriate evaluation index system was constructed from a sustainability perspective.
Phase 2: Determine the weights of the evaluation criteria based on the fuzzy AHP approach. A hierarchy structure for the evaluation index system was conducted and the fuzzy AHP method was employed to determine the sub-criteria weights. First, executives, managers and experts affiliated to the expert groups estimated the relative pairwise comparisons by using linguistic ratings with the TFNs (as listed in Table 1 ) and a fuzzy pairwise comparison matrix of each expert was formed. The consistency of the matrix was checked to ensure the reliability of the criteria weights. Second, a fuzzy comparison matrix was aggregated according to Equations (6)- (9) . Then, fuzzy synthetic extent of each criterion was integrated by using Equations (10)- (13) . Final, the main criteria weights and the sub-criteria global weights were calculated according to Equations (14)- (16) .
Phase 3: Evaluate the DSM performance by using the fuzzy TOPSIS method. First, the fuzzy linguistic ratings were allocated to all potential alternatives with respect to the subjective criteria given by expert groups according to Table 3 . Second, the fuzzy ratings of all alternatives with respect to the objective criteria were transferred into TFNs based on actual situation. Then, an initial fuzzy decision matrix was established. At last, the fuzzy TOPSIS approach was employed to assemble the fuzzy ratings of the criteria for all alternatives in order to calculate rating result of each potential alternative (namely commercial enterprise). Closeness coefficient values of all potential alternatives were ranked in a descending order. The higher the closeness coefficient value was, the better the DSM performance of potential commercial enterprise was.
The proposed hybrid MCDM approach based on the fuzzy AHP and the fuzzy TOPSIS approaches have the following advantages. First, the applications of FTNs and linguistic ratings were used to overcome partial or lacking quantitative data and transfer qualitative judgments into computable data. Then, the fuzzy AHP weighting approach could reflect experts' recommendations by the linguistic ratings and represent the average importance of the evaluation criteria by the hierarchy structure. At last, the fuzzy TOPSIS approach was applied to deal with insufficient quantitative data by using the linguistic ratings. The proposed hybrid MCDM approach is much more suitable to handle practical decision-making issues.
Evaluation Index System for the DSM Performance of Commercial Enterprises
An evaluation index system is particularly important to evaluate the DSM effect. It is vital to adopt a series of criteria into the evaluation index system to reflect the inherent characteristics of DSM. However, as the program implementations by these enterprises are in primary stages in China, there are no consistent criteria to measure the performance. We try to establish the evaluation index system to achieve sustainable development.
According to the conventional sustainability theory, sustainable development should be measured through economic, social and environmental dimensions. Moreover, since the DSM implementation involves complex technical conditions, a technical dimension was included to develop the original theory. Therefore, the evaluation index system included economy, society, environment and technology criteria, which were the main criteria based on Figure 2 . Further, sub-criteria affiliated with the above four main criteria were determined by the follows: first, initial evaluation sub-criteria were built by referring to the Sustainability Reporting Guidelines of Global Reporting Initiative and Chinese Corporate Social Responsibility Reporting Guidelines; second, some experts from the fields of economy, society, environment and technology reviewed the initial evaluation sub-criteria and selected vital ones according to their experiences and expertise; at last, less important sub-criteria were removed and the final sub-criteria were built. The final evaluation index system is shown in Figure 6 , including 15 sub-criteria. Detailed explanations of the sub-criteria are as below.
Economic Criteria (A1)
For the economic criteria, project investment and related cost should be considered. Alternatively, DSM effects in energy conservation and enterprise service quality need to be taken into consideration. Five sub-criteria affiliated with the economic criteria were selected to assess the DSM performance.
(1) Electricity savings (C1): Measure the reduction of the electricity consumption per unit area by implementing DSM. Appropriate energy efficient programs can help the enterprises achieve their goals to save energy. (2) A DSM investment pay-back period (C2): Refers to total investment cost of DSM divided by monthly returns. This sub-criterion measures the economic benefit for enterprises. 
Enviromental (A3)
Avoidable soil erosion and geological structure damage (C11)
Natural resources conservation (C12) Figure 6 . Evaluation index system for DSM performance.
Economic Criteria (A1)
For the economic criteria, project investment and related cost should be considered. Alternatively，DSM effects in energy conservation and enterprise service quality need to be taken into consideration. Five sub-criteria affiliated with the economic criteria were selected to assess the DSM performance. 
Social Criteria (A2)
Four sub-criteria affiliated with the society criteria were finally chosen, which reflect the impacts on the commercial sector under the DSM implementation at macro levels of the whole society.
(1)
Contribution to the development of the energy industry (C6): includes the energy saving service corporations, the distributed micro-grid systems etc. (2) Contribution to power peak load shifting (C7): helps increase penetration of the renewable energy sources and improve operation reliability of the power grid.
Contribution to economic growth (C8): Refers to the contribution degree of the DSM implementations to ensure energy supply security and maintain sustainable economic development. (4) Electricity construction investment saving (C9): Measures avoidable power generation equipment investment due to the electricity consumption reduction and avoidable power grid investment due to the load transfer.
Environmental Criteria (A3)
Three sub-criteria affiliated with the environmental criteria were finally chosen into the index system.
Greenhouse gas emission reduction (C10): Measures the reduction of the environmental pollutant (such as CO 2 and NO 2 ) emissions from the power generation sector due to DSM.
(2) Avoidable soil erosion and geological structure damage (C11): Measures the reduction of occurrence probability for soil erosion and geological structure damage benefiting from DSM. (3) Natural resources conservation (C12): DSM is conducive to cutting the energy demand, which is good to save limited natural resources, especially fossil fuel [3] . This sub-criterion measures the reduction of the natural resources consumption by cutting the energy demand because of DSM.
Technical Criteria (A4)
These enterprises need to carry out technological innovation to implement DSM. The sub-criteria affiliated with the technical criteria were summarized into:
Energy saving transformation of electricity consumption devices (C13): Measures the applications of energy saving equipment and technologies in a power system, including lighting, air conditioning and heating. The sub-criterion reflects energy saving technological levels of enterprises. (2) Distributed energy utilization degree (C14): Refers to the application of a distributed energy technology into a cooling-heating-power combined cycle, which helps to improve the energy resources comprehensive utilization efficiency of the energy resources and the continuity and reliability of energy supply. The distributed power generation technology, the smart micro grid technology and the distributed energy storage technology are basically adopted by entrepreneurs [43] . (3) DSM systems construction (C15): Includes appointing directors, hiring full-time management personnel and training technical staff, which are based on enterprise status in order to ensure the effectiveness and continuity of DSM implementation.
Empirical Analysis
The commercial sector in Beijing has exceeded the industrial sector in terms of GDP. The city was selected as a DSM pilot city by China's Ministry of Finance and National Development and Reform Commission (NDRC) [8] . Beijing financial street, the gathering place of Chinese financial institutions, was identified as the key area of DSM implementation according to governmental plans. Four large-scale financial enterprises in the financial street were chosen as the empirical analysis objects. These were similar in terms of business scale, office area and office equipment and complied with peak valley electricity price standard. Meanwhile, these enterprises have implemented a series of programs, including LED lamp reconstruction, chilled water storage system establishment, energy saving optimization of air conditioning systems and high efficiency motor replacement. Four expert groups (k = 1,2, . . . , 4) from government departments, research institutions, electricity utilities and the commercial sector were formed to obtain the linguistic preference ratings of alternatives.
Determine the Weights of All the Criteria based on the Fuzzy AHP Technique
Considering the DSM implementation of the four large-scale financial enterprise alternatives, all of the expert groups gave the comparative judgments of the criteria weights in the form of linguistic ratings according to Table 1 . Let DM1, DM2, DM3 and DM4 represent the expert groups from government departments, research institutions, electricity utilities and commercial enterprises. The CR values for comparative matrices were computed and listed in Table 4 . All of the CR values are below 0.2, through which we confirmed the consistency of comparative judgments given by each expert group. The fuzzy comparison matrices of all layers were aggregated according to Equations (7)-(10). The aggregated results are listed in Tables 5-9 . The values of fuzzy synthetic extent were calculated and transformed according to Equations (11)- (14) . The global weights of the criteria were computed according to Equations (15)- (17), as listed in Table 10 . 
Assemble the Initial Fuzzy Decision Matrix
The initial fuzzy decision matrix was established to integrate the original ratings .The TFNs for the objective criteria and the subjective criteria were assembled by the arithmetic mean method. C1 and C2 are objective sub-criteria for each alternative. The TFNs of C1 and C2 were obtained by collecting the actual data. The four expert groups were asked to give linguistic preference ratings of four alternatives (represented by O1, O2, O3 and O4) with respect to the subjective criteria except C1 and C2. The aggregate fuzzy linguistic ratings for each alternative can be computed by Equations (18) and (19) . The initial fuzzy decision matrix D is: 
In D, each column vector represents the aggregate ratings of all the criteria for each alternative.
Calculate the Fuzzy Positive Ideal Solution and the Fuzzy Negative Ideal Solution
The fuzzy positive ideal solution and the fuzzy negative ideal solution should be computed to obtain the ranking results. Among the fifteen sub-criteria, C2 and C3 were cost-type criteria, and the rest were of benefit-type. The initial fuzzy decision matrix was normalized according to Equations (20)- (22) . The weighted normalized fuzzy decision matrix D was obtained according to Equation (23) . The fuzzy positive ideal solution Z + and fuzzy negative ideal solution Z − were calculated according to Equations (24) and (25) , and are listed in Table 11 . 
Determine the Preference Rakings of the Alternatives
The distances of each alternative from the fuzzy positive ideal solution and the fuzzy negative ideal solution were calculated according to Equations (26)- (29):
The closeness coefficient for each alternative was calculated by using Equation (30) . The results are:
The closeness coefficient values were ranked in decreasing order
It is shown that O4 is the best alternative, followed by O3, O1 and O2.
Discussion
Alternative O4 was the best according to the above results. To obtain better insight from the fuzzy AHP-TOPSIS application on DSM performance evaluation, we will explore the impacts of sub-criteria weights and performance.
According to the normalized fuzzy decision matrix D, the sub-criteria performance of four alternatives are shown in Figure 7 , which reflects the important information effectively considering the criteria type. The larger the sub-criteria value is, the better the alternative performance will be. Global weights of all sub-criteria were drawn in Figure 8 .
criteria weights and performance.
According to the normalized fuzzy decision matrix D , the sub-criteria performance of four alternatives are shown in Figure 7 , which reflects the important information effectively considering the criteria type. The larger the sub-criteria value is, the better the alternative performance will be. Global weights of all sub-criteria were drawn in Figure 8 . criteria weights and performance.
According to the normalized fuzzy decision matrix D , the sub-criteria performance of four alternatives are shown in Figure 7 , which reflects the important information effectively considering the criteria type. The larger the sub-criteria value is, the better the alternative performance will be. Global weights of all sub-criteria were drawn in Figure 8 . ' represent the performance of C1, C2, C3, C4, C5, C6, C7, C8, C9, C10, C11, C12, C13, C14 and C15, respectively; (2) black, blue, red and green represent alternatives O1, O2, O3 and O4, respectively; and (3) X-axis, Y-axis and Z-axis represent the smallest value, middle value and largest value of sub-criteria performance, respectively. criteria weights and performance.
According to the normalized fuzzy decision matrix D , the sub-criteria performance of four alternatives are shown in Figure 7 , which reflects the important information effectively considering the criteria type. The larger the sub-criteria value is, the better the alternative performance will be. Global weights of all sub-criteria were drawn in Figure 8 . It is shown that for alternative O4 (marked in green in Figure 7) , the sub-criteria except C1 and C2 have the best performance compared to that of other three alternatives. Meanwhile, the weight values of C1 and C2 are medium (rank No. 6 for C1 and No. 10 for C2 as shown in Figure 7 ). O4 is regarded as the best one among all alternatives according to the overall rankings. For alternative O3 (marked in red in Figure 7 ), majority sub-criteria except C1 have good performance. Considering the weights, O3 ranks the second among all the alternatives. For O2 (marked in blue in Figure 7) , eleven sub-criteria present the poorest performance. Considering the weight values, O2 is the worst alternative among all alternatives. From Figure 8 , it is shown that C10, C11, and C12 affiliated with the environmental criteria, C3 affiliated with the economic criteria and C8 affiliated with the social criteria attracted more attention from the expert groups. Conversely, C4 and C5 affiliated with the economic criteria, C9 affiliated with the social criteria and C15 affiliated with the technical criteria are relatively less important. This result reflects that the public has realized the importance of protecting the living environment. More and more serious environmental problems occurring in China including smoggy weather and sand dust storm are threatening people's health and daily life [44, 45] . An increasingly prominent energy crisis is realized by more and more entrepreneurs, politicians and academics [46] . Current environmental conditions may attract experts' attention on environmental, economic, social and technological aspects when they make judgments on DSM performances.
There were some uncertainties in decision-making processes when sub-criteria weights were determined by fuzzy AHP. Different experts may give different judgments, according to which the weights will vary. A sensitivity analysis about the sub-criteria weights should be performed to check the robustness and the effectiveness of the preference decision results. The fifteen sub-criteria were assigned into four groups according to main criteria, namely economic, social, environmental and technical group. The closeness coefficient values calculated by Equation (30) were regarded as the ranking scores of alternatives.
For performing the sensitivity analysis, the sub-criteria weights were increased by 20%, 40%, 60% and 80% and reduced by 20%, 40%, 60% and 80% compared with the basic weights (namely the global weights shown in Table 10 ). Let W i be the basic weight of sub-criterion i, δ be the weight variation coefficient, namely −80%, −60%, −40%, −20%, 0%, 20%, 40%, 60% and 80%. The adjusted weight W * i of sub-criterion i is:
As the sum of all sub-criteria weights is set at 1, the rest are sequentially adjusted
where W j is the basic weight of sub-criterion j; W * j is the adjusted weight of sub-criterion j; and i, j = 1, . . . , 15, i = j.
It is seen that the weight changes of the five sub-criteria in the economic group exert influences on the final ranking scores in Figure 9 . It is shown that the DSM performance scores of all four alternative remain relatively stable with the weight changes of C2, C4 and C5. As the importance of C1 raises, the ranking scores of alternative O1 and O2 increase. Meanwhile, the ranking score of O4 (the best alternative) decreases slightly. As C3 becomes more and more important, the ranking scores of O3 and O4 (the best alternative) decrease obviously, while the ranking scores of O1 and O2 increase. However, no matter how the weights of C1 and C3 change, O4 still obtains the highest score and is regarded as the best one. In the case, no matter how the weights of sub-criteria in the economic group change, O4 still gets the highest ranking scores and that indicates O4 is always the best. The cases in which four sub-criteria affiliated to the social group have weight fluctuations are presented in Figure 10 . No matter how the weights change, the ranking scores of all four alternatives barely change. O4 still ranks the first, while the others remain stable, no matter how the weights of the sub-criteria change in the social group. The cases in which four sub-criteria affiliated to the social group have weight fluctuations are presented in Figure 10 . No matter how the weights change, the ranking scores of all four alternatives barely change. O4 still ranks the first, while the others remain stable, no matter how the weights of the sub-criteria change in the social group.
The cases in which the weights of three sub-criteria fluctuate in the environmental group are shown in Figure 11 . For C10, C11 and C12, as the weight increases, the score of O1 has little change, the scores of O3 and O4 increase, and score of O2 declines. However, the rankings of all alternatives remain unchanged. O4 is still the optimal alternative no matter how the weights of the sub-criteria in the environmental group fluctuate. The cases in which four sub-criteria affiliated to the social group have weight fluctuations are presented in Figure 10 . No matter how the weights change, the ranking scores of all four alternatives barely change. O4 still ranks the first, while the others remain stable, no matter how the weights of the sub-criteria change in the social group. The cases in which the weights of three sub-criteria fluctuate in the environmental group are shown in Figure 11 . For C10, C11 and C12, as the weight increases, the score of O1 has little change, the scores of O3 and O4 increase, and score of O2 declines. However, the rankings of all alternatives remain unchanged. O4 is still the optimal alternative no matter how the weights of the sub-criteria in the environmental group fluctuate. The cases in which the weights of three sub-criteria fluctuate in the technical group are shown in Figure 12 . As the weight of C13 increases, the ranking score of O4 increases slightly, while the score of O2 decreases. As the weight of C14 increases, the ranking score of O4 increases slightly and its superiority becomes greater, while the score of O1 decreases. For the weight fluctuations of C15, the scores of all alternatives have little variations. Just as that in the economic, social and environmental groups, O4 is still the optimal alternative no matter how the three sub-criteria weights change in the technical group. The cases in which the weights of three sub-criteria fluctuate in the environmental group are shown in Figure 11 . For C10, C11 and C12, as the weight increases, the score of O1 has little change, the scores of O3 and O4 increase, and score of O2 declines. However, the rankings of all alternatives remain unchanged. O4 is still the optimal alternative no matter how the weights of the sub-criteria in the environmental group fluctuate. The cases in which the weights of three sub-criteria fluctuate in the technical group are shown in Figure 12 . As the weight of C13 increases, the ranking score of O4 increases slightly, while the score of O2 decreases. As the weight of C14 increases, the ranking score of O4 increases slightly and its superiority becomes greater, while the score of O1 decreases. For the weight fluctuations of C15, the scores of all alternatives have little variations. Just as that in the economic, social and environmental groups, O4 is still the optimal alternative no matter how the three sub-criteria weights change in the technical group. The cases in which the weights of three sub-criteria fluctuate in the technical group are shown in Figure 12 . As the weight of C13 increases, the ranking score of O4 increases slightly, while the score of O2 decreases. As the weight of C14 increases, the ranking score of O4 increases slightly and its superiority becomes greater, while the score of O1 decreases. For the weight fluctuations of C15, the scores of all alternatives have little variations. Just as that in the economic, social and environmental groups, O4 is still the optimal alternative no matter how the three sub-criteria weights change in the technical group.
Base on the above analysis, it is seen that O4 always obtains the highest score among all alternatives, which indicates that the DSM performance evaluation framework by applying the fuzzy AHP-TOPSIS approach is reliable and robust. Base on the above analysis, it is seen that O4 always obtains the highest score among all alternatives, which indicates that the DSM performance evaluation framework by applying the fuzzy AHP-TOPSIS approach is reliable and robust.
Conclusions
The hybrid framework for the DSM performance evaluation in the commercial sector was built from a sustainability perspective, which was proven feasible and effective in the empirical analysis. Some conclusions has been drawn:
(1) It is found that C10 and C12 affiliated with the environment criteria obtain more attention from experts, and alternative O4 was chosen as the best, followed by O3, O1 and O2; (2) A sensitivity analysis for the sub-criteria weights were performed to test the robustness and effectiveness of evaluation results, which indicated that the ranking results remain stable no matter how the weights of the sub-criteria change.
Although this hybrid framework is reasonable, robust and practical to evaluate and rank DSM performance, limitations may still appear with the changes of objective conditions. Considering the complexity and variability of such practical problems, other MCDM methods such as fuzzy VIKOR, fuzzy ANP or fuzzy PROMETHEE to rank the DSM performance should be used in future research. Meanwhile, the ranking results obtained from different MCDM methods can also be compared to improve the evaluation framework. Moreover, the evaluation index system can be improved by consulting more specific experts from fields related to the environment, the economy, and so on. The sub-criteria should be updated timely with changes of government policies and economic situations. 
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